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ABSTRACT

Enterprise data platforms increasingly embed artificial-intelligence inference directly inside
their real-time stream-processing pipelines, scoring, classifying, or enriching records within the
same low-latency path that ingests and transforms them, rather than treating Al inference as a
separate, offline consumer of already-processed data. This integration is attractive precisely
because it collapses the latency between data arrival and Al-enriched insight, but it also pulls
together three concerns that enterprise data engineering has historically addressed separately:
schema and data-quality validation at ingestion, elastic compute scheduling for Al inference
workloads under cloud-native infrastructure, and the stateful correctness guarantees a stream-
processing engine provides. Each concern has a mature literature of its own, but a platform that
enriches a stream with Al-generated output without a shared contract linking these three
concerns risks scoring malformed records, starving inference of resources during load spikes,
or silently invalidating its own correctness guarantees once a model begins to drift. This paper
proposes AIRSTREAM (Al-Integrated Real-time Stream processing for enterprise data
platforms), an architecture in which a schema-validated ingestion layer, an elastic Al inference
layer, and a consistency-preserving enrichment layer are coordinated by a shared stream
contract coordinator that keeps data-quality contracts, inference resource allocation, and
enrichment correctness guarantees mutually consistent, including when model drift degrades a
previously validated contract. Following a design-science research approach, AIRSTREAM is
illustrated, not empirically validated, through a comparative capability table, a short case
scenario, and two figures, with every quantitative value explicitly labeled as an estimate rather
than measured production data. The paper situates AIRSTREAM against the literature on
stream-processing correctness models, data-quality and lifecycle management for production
machine learning, elastic cloud-native infrastructure for Al inference, and model drift, and
discusses the architecture's practical implications, assumptions, and limitations.

KEYWORDS: Real-Time Processing, Stream Processing, Cloud-Native Computing, Artificial
Intelligence, Data Quality, Model Serving, Concept Drift, Enterprise Data
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INTRODUCTION

Enterprise data platforms have historically processed data in two distinct modes: a low-latency
streaming path that transforms and routes data as it arrives, and a separate, often batch-oriented
path in which machine-learning models are trained, evaluated, and scored against already-
landed data. Stream-processing research has matured the first mode considerably, formalizing
correctness models that balance latency, completeness, and cost for massive-scale, out-of-order
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data[1] and cataloging the specific optimization techniques that let a stream-processing engine
achieve low end-to-end latency at scale[2]. A growing number of enterprise platforms now
collapse the second mode into the first, embedding Al inference directly inside the streaming
path so that a record is scored, classified, or enriched by a model within the same pipeline that
ingests and transforms it, rather than being scored later by a separate offline job.

This integration is valuable precisely because it removes the latency between data arrival and
Al-enriched insight, but it inherits concerns from three largely separate literatures that were not
developed with this integration specifically in mind. The data-quality and machine-learning-
lifecycle literature documents that production machine-learning systems depend on an often-
underappreciated amount of data validation, schema enforcement, and lifecycle management
surrounding the model itself[3], and tooling such as Deequ has been built specifically to
automate large-scale data-quality verification at the scale enterprise platforms require[4]. The
cloud-native infrastructure literature establishes the elastic, containerized operational substrate
on which Al inference workloads are typically deployed[5] and documents that how such
workloads are scheduled onto a cluster measurably affects resource efficiency and load
distribution[6], while the efficient-model-serving literature documents the scheduling and
batching techniques needed to keep inference latency and cost under control under variable
load[7]. The stream-processing correctness literature, meanwhile, established its stateful
guarantees[8] largely for deterministic transformations, not for a pipeline stage whose output
depends on a machine-learning model that can itself change behavior over time as the data
distribution it scores drifts[9].

None of these four literatures, read on its own, specifies what should happen when a real-time
pipeline embeds Al inference and the three concerns they each address come into conflict: a
schema-valid record may still be out-of-distribution for the model scoring it; an inference
workload scaled to handle typical load may fall behind during a legitimate burst, delaying the
entire pipeline it sits inside; and a stream’s stateful correctness guarantee says nothing about
whether the Al-generated enrichment that guarantee faithfully propagates is itself still a reliable
signal once the underlying model has drifted. Baylor et al.'s[10] description of TFX, a
production-scale machine-learning platform built specifically to manage these lifecycle
concerns end to end, demonstrates that addressing them together is operationally feasible, but
TFX is framed around a platform's own internal model lifecycle rather than around the specific
real-time, embedded-inference setting this paper addresses[1-10].

This paper addresses the resulting coordination gap by developing AIRSTREAM (Al-
Integrated Real-time Stream processing for enterprise data platforms): an architecture in which
a schema-validated ingestion layer, an elastic Al inference layer, and a consistency-preserving
enrichment layer are coordinated by a shared stream contract coordinator that keeps data-
guality contracts, inference resource allocation, and enrichment correctness guarantees
mutually consistent, including when model drift degrades a contract that was valid when the
pipeline was first deployed. The remainder of the paper reviews the literature on stream-
processing correctness models, data-quality and lifecycle management for production machine
learning, elastic cloud-native infrastructure for Al inference, and model drift in the Literature
Review section, describes the design-science methodology used to construct and illustrate the
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architecture in the Methodology section, presents the architecture alongside a comparative
table, a short case scenario, and two figures in the Results section, and discusses the
architecture's practical implications, assumptions, and limitations before concluding in the
Discussion and Conclusion sections.

LITERATURE REVIEW

STREAM-PROCESSING MODELS AND CORRECTNESS GUARANTEES

Akidau et al.[1] formalize the Dataflow Model, a correctness framework that balances
completeness, latency, and cost for processing massive-scale, unbounded, out-of-order data,
establishing the theoretical foundation much of modern stream processing builds on. Hirzel,
Soulé, Schneider, Gedik, and Grimm[2] catalog the specific optimization techniques —
operator fusion, batching, and state partitioning among them — that let a stream-processing
engine realize low end-to-end latency in practice. Carbone, Ewen, Fora, Haridi, Richter, and
Tzoumas[8] describe the stateful stream-processing model that lets an engine maintain
consistent, fault-tolerant state across a continuous flow of events, the specific mechanism a
real-time enrichment pipeline depends on to propagate Al-generated output consistently. This
literature establishes strong correctness guarantees for deterministic stream transformations,
but, as reviewed in the Model Drift and the Changing Reliability of Al-Generated Enrichment
subsection, does not itself address what those guarantees mean once a pipeline stage's output
depends on a model whose behavior can change over time.

DATA QUALITY AND LIFECYCLE MANAGEMENT FOR PRODUCTION MACHINE
LEARNING

Polyzotis, Roy, Whang, and Zinkevich[3] survey the data-lifecycle challenges production
machine-learning systems face, documenting that data validation, schema management, and
monitoring consume a substantial share of a production ML system's engineering effort and
that neglecting them is a leading cause of production failures distinct from model-quality
failures. Schelter et al.[4] describe Deequ, a system built specifically to automate large-scale
data-quality verification, demonstrating that schema and distributional validation can be
applied systematically rather than ad hoc, at the scale an enterprise data platform requires.
Baylor et al.[10] describe TFX, a production-scale machine-learning platform that integrates
data validation, model training, and serving into a single managed lifecycle, demonstrating that
these concerns can be coordinated within one platform, though TFX's own framing addresses a
platform's internal model lifecycle rather than the specific real-time, embedded-inference
pipeline setting this paper addresses[11-19].

ELASTIC CLOUD-NATIVE INFRASTRUCTURE FOR Al INFERENCE

Deng et al.[5] survey cloud-native computing broadly, establishing the containerized,
elastically scalable operational substrate on which both stream-processing engines and Al
inference services are typically deployed in a modern enterprise data platform. Marchese and
Tomarchio[6] show specifically that how workloads are grouped and scheduled onto a
Kubernetes cluster measurably affects resource efficiency and load distribution, a finding
directly relevant to scheduling Al inference workloads alongside the stream-processing
workloads that feed them. Miao et al.[7] survey efficient large-language and foundation-model
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serving techniques, documenting that request batching, scheduling, and memory management
substantially affect achievable throughput and latency under bursty, variable demand, precisely
the demand pattern a real-time enterprise pipeline is likely to generate as data volume fluctuates.
None of this literature, read on its own, addresses how inference resource scheduling should be
informed by, or coordinated with, the data-quality contracts established in the Data Quality and
Lifecycle Management for Production Machine Learning subsection or the stateful correctness
guarantees established in the Stream-Processing Models and Correctness Guarantees
subsection.

MODEL DRIFT AND THE CHANGING RELIABILITY OF AI-GENERATED ENRICHMENT

Gama, Zliobaité, Bifet, Pechenizkiy, and Bouchachia[9] survey concept-drift adaptation,
documenting that a model deployed against a real-time, continuously arriving data stream
should be expected to encounter a shifting data distribution over time, and that adaptation
techniques exist specifically to detect and respond to this shift. Read against the stateful
correctness guarantees established in the Stream-Processing Models and Correctness
Guarantees subsection, this literature implies a specific tension this paper's architecture
addresses directly: a stream-processing engine's state-consistency guarantee ensures that an Al-
generated enrichment is propagated exactly as the model produced it, but says nothing about
whether that enrichment remains a reliable signal once the model producing it has drifted away
from the distribution it was validated against.

METHODOLOGY
RESEARCH APPROACH

This paper follows a design-science research approach: it develops an architecture —
AIRSTREAM — intended to address a practical problem (coordinating data-quality contracts,
elastic Al inference scheduling, and stateful enrichment correctness within one real-time
enterprise data pipeline), and it evaluates that architecture against the cumulative findings of
the peer-reviewed literature rather than against a production deployment, because no such
deployment of this specific architecture yet exists to study. The comparative table and figures
in the Results section are accordingly constructions, explicitly labeled as such, built to be
directionally consistent with the cited literature's findings rather than presented as measured
outcomes[20-24].

DEVELOPMENT OF THE ARCHITECTURE

AIRSTREAM was developed by identifying the specific point at which the stream-processing,
data-quality, and elastic-infrastructure literatures reviewed in the Literature Review section fail
to connect: a data-quality contract validated at ingestion[4][3] says nothing about whether the
Al model scoring validated records downstream is still operating within its valid range, an
elastic inference-scheduling layer[7][6] has no mechanism for learning that a quality contract
has been violated upstream, and a stateful stream-processing engine's correctness
guarantee[8][1] propagates an Al-generated enrichment faithfully regardless of whether
concept drift[9] has made that enrichment unreliable. A stream contract coordinator was
introduced specifically to close this three-way gap: it holds the data-quality contract the
ingestion layer validates against, monitors the inference layer's drift-detection signal, and flags
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or quarantines enrichment output when the two disagree, rather than allowing a stale contract
to pass silently through an otherwise correct pipeline.

CONSTRUCTION OF EVALUATION DATA

Because no production AIRSTREAM deployment exists to measure, the quantitative content
of the Results section was constructed through explicit, reasoned estimation. Construction
began from a directional finding reported in the cited literature — Polyzotis et al.'s[3] finding
that data-lifecycle failures are a leading cause of production ML incidents distinct from model-
guality failures, or Marchese and Tomarchio's[6] finding that workload scheduling measurably
affects resource efficiency under load — and built values directionally consistent with that
finding at a plausible order of magnitude. Every figure's note names the specific source
informing its construction.

FRAMING OF THE DRIFT-TRIGGERED QUARANTINE SCENARIO

The case scenario and Figure 3 in the Results section are framed around a gradual data-
distribution shift that degrades enrichment reliability over several weeks, consistent with the
concept-drift setting Gama et al.[9] establish as the normal, expected condition for a real-time
deployment rather than a rare failure mode; this framing was chosen specifically because it is
the setting in which the stream contract coordinator's quarantine mechanism most directly
affects a measurable downstream outcome [31-33].

SCOPE AND ASSUMPTIONS

This paper assumes an organization deploying Al-enabled real-time processing already has, or
can obtain, a stream-processing engine with the stateful correctness guarantees described in the
Stream-Processing Models and Correctness Guarantees subsection and a drift-detection
capability sufficient to support the stream contract coordinator AIRSTREAM's architecture
depends on; it does not itself develop either underlying capability, both of which the literature
reviewed in the Stream-Processing Models and Correctness Guarantees and Model Drift and
the Changing Reliability of Al-Generated Enrichment subsections addresses. It is scoped to the
coordination of ingestion-time data quality, elastic Al inference scheduling, and enrichment
consistency; it does not address the choice of a specific drift-detection algorithm or a specific
model-serving framework, both of which the cited literature already treats extensively. All
guantitative results in the Results section are estimates grounded in the literature rather than
measurements.

RESULTS

ARCHITECTURE OVERVIEW: AIRSTREAM

AIRSTREAM organizes Al-enabled real-time processing as a horizontal pipeline with three
coordinated quality gates, governed from below by a single stream contract coordinator rather
than left to three independently configured stages. Data from enterprise sources first passes
through a schema-validation gate, where the ingestion layer checks incoming records against
the data-quality contract the coordinator holds, using the automated verification approach
Schelter et al.[4] describe and the lifecycle discipline Polyzotis et al.[3] and Baylor et al.[10]
establish. Validated records flow into the real-time stream-processing engine, which maintains
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stateful, fault-tolerant processing of the kind Carbone et al.[8] and Akidau et al.[1] describe,
before reaching an elastic Al-inference gate, where the inference layer scores each record using
cloud-native, dynamically scheduled compute[5][6][7]. The resulting Al-enriched stream
passes through a final consistency-and-drift-monitoring gate, where the enrichment layer
checks the inference layer's drift signal[9] against the coordinator's contract before releasing
enriched records to downstream enterprise consumers; a detected violation at this gate feeds
back to the coordinator, which can tighten the ingestion contract or trigger inference re-
validation rather than allowing degraded enrichment to propagate silently.

1M 4 WS Bk e W Deideig B4 TS S

Figure 1. AIRSTREAM (Al-Integrated Real-time Stream processing for enterprise data
platforms): a pipeline-with-gates architecture showing data flowing through three
coordinated quality gates governed by a shared stream contract coordinator.

CAPABILITY COMPARISON ACROSS REAL-TIME AI-PROCESSING APPROACHES
Table 1. capability comparison across real-time Al-processing approaches.

Dimension

Offline-Scored Al
Enrichment

Embedded Al
Inference Without
Shared Contracts

AIRSTREAM

End-to-end latency
from ingestion to Al-
enriched output

Weak; batch-cycle
delay

Strong; inference
embedded in the
real-time path

Strong; latency
preserved

Data-quality contract
enforcement at

Strong, but
disconnected from

Weak; no shared
contract with
inference or

Strong; contract
shared across all three

load

offline

enrichment load

ingestion inference behavior . gates
enrichment stages
Resilience to . Weak; no .
. Not applicable; . . Strong; coordinator
inference resource . coordination with ) .
] inference runs ) ) informs elastic
contention under ingestion or

scheduling
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Dimension Ofﬂ.' ne-Scored Al Inference Without | AIRSTREAM
Enrichment
Shared Contracts
Detection of drift- Delayed; detected | None; enrichment Strong; drift signal
degraded enrichment | only on the next accepted regardless | gates enrichment
reliability retraining cycle of drift release

CASE SCENARIO

Consider a hypothetical enterprise data platform that enriches incoming customer-support
tickets with a real-time urgency score. Under offline-scored Al enrichment, the urgency score
is computed in a nightly batch job, so a ticket's enrichment can lag its arrival by up to a day.
Under embedded Al inference without shared contracts, the urgency score is computed in real
time, but when the mix of incoming ticket topics gradually shifts over several weeks, the scoring
model drifts away from the data it was validated against, and nothing in the pipeline flags the
resulting decline in score reliability. Under AIRSTREAM, the same gradual shift is detected
by the drift-monitoring gate, which signals the stream contract coordinator; the coordinator
guarantines newly enriched tickets pending model re-validation and simultaneously flags the
ingestion contract for review, rather than allowing a quietly degrading urgency score to keep
reaching the support queue. This hypothetical sequence is offered to illustrate the architecture's
reasoning, not as a report of an actual deployment [26-30].

CAPABILITY SCORES ACROSS REAL-TIME AI-PROCESSING APPROACHES

 DMneScored N Drrighmiont
e Embeoses Al Inderonce Withowt Shared Contracts
- ARSTREAM

10

Figure 2. capability scores (0-10 scale) for offline-scored Al enrichment, embedded Al
inference without shared contracts, and AIRSTREAM.

Note. These capability scores are estimates constructed for this paper's comparative framework
rather than the product of a scored evaluation instrument; they were shaped by the data-lifecycle
failure modes Polyzotis et al.[3] document and the concept-drift findings Gama et al.[9] report,
and should be read as a reasoning aid rather than a benchmark.

Offline-scored Al enrichment scores well on data-quality contract enforcement because
validation is thoroughly handled in batch, but weakly on latency and drift detection because
enrichment and monitoring both lag the batch cycle; embedded Al inference without shared
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contracts inverts this pattern, scoring well on latency but weakly everywhere a shared contract
would otherwise coordinate behavior; AIRSTREAM is positioned, by design, to combine the
strengths of both because its stream contract coordinator was built specifically to preserve real-
time latency while adding the contract enforcement and drift detection the uncoordinated
approach lacks.

DRIFT-DEGRADED ENRICHMENT REACHING CONSUMERS OVER A SIX-MONTH
DEPLOYMENT

&= Prmmedded Al infarence Wihoot Sharea Contract
= AIRSTAEAM

Figure 3. Hypothetical drift-degraded enrichment records reaching downstream consumers
per month during a six-month deployment, by approach.

Note. This is a hypothetical, trajectory rather than measured incident data; the uncoordinated
approach's rising-then-falling pattern reflects drift accumulating silently for several months
before an eventual manual retraining cycle corrects it, consistent with the delayed-detection
failure mode Polyzotis et al.[3] document, while AIRSTREAM's low, stable rate reflects drift-
degraded enrichment being quarantined by the coordinator as soon as the drift-monitoring gate's
signal crosses its threshold.

DISCUSSION
IMPLICATIONS FOR PRACTICE

The architecture developed here suggests that an enterprise embedding Al inference inside a
real-time data pipeline should treat data-quality contracts, elastic inference scheduling, and
drift-aware enrichment consistency as one coordinated concern rather than three separately
configured stages, since the Results section's comparison illustrates that a pipeline optimized
purely for latency, without a shared contract linking these stages, can silently propagate
degraded enrichment for an extended period before anyone notices.

LIMITATIONS

No production AIRSTREAM deployment or measured incident data informed this study; the
Results section's table and figures are explicitly constructions. The architecture's stream
contract coordinator depends on a drift-detection signal of adequate sensitivity and timeliness,
which the cited literature treats as an active research area rather than a fully solved problem[9];
a coordinator acting on a noisy or delayed drift signal could quarantine valid enrichment
unnecessarily or fail to catch genuine degradation promptly. The elastic Al-inference gate's
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effectiveness is bounded by the efficient-serving techniques Miao et al.[7] describe, which the
cited literature itself treats as an actively advancing area rather than a fixed ceiling.

FUTURE RESEARCH

Empirical work instrumenting an actual enterprise data platform using AIRSTREAM's
coordinated gates, compared against a matched platform using embedded Al inference without
shared contracts, would directly test this paper's central claim. Research quantifying the specific
latency overhead the stream contract coordinator adds under production load, and research on
how best to set drift-detection thresholds for the quarantine mechanism to balance false
guarantines against undetected degradation, would strengthen the architecture's practical
guidance.

CONCLUSION

This paper has argued that embedding Al inference inside a real-time enterprise data pipeline
pulls together three concerns that data engineering has historically addressed separately —
stream-processing correctness[1][2][8], data-quality and lifecycle management for production
machine learning[3][4][10], and elastic cloud-native infrastructure for Al inference[5][6][7] —
and that a pipeline lacking a shared contract across these concerns is vulnerable to silently
propagating Al-generated enrichment that concept drift[9] has made unreliable. This paper has
developed AIRSTREAM as an architecture in which a shared stream contract coordinator keeps
data-quality contracts, elastic inference scheduling, and enrichment consistency mutually
informed across three coordinated pipeline gates. The architecture was illustrated, not validated,
through a comparative table, a case scenario, and two figures, with every quantitative value
explicitly labeled as an estimate. Future empirical work instrumenting a real deployment would
be necessary before an organization could adopt AIRSTREAM with confidence in its specific
thresholds and scheduling parameters, but the underlying argument — that data quality,
inference scheduling, and enrichment correctness should share one contract rather than being
configured independently — rests on peer-reviewed evidence this paper has synthesized
specifically for that coordination problem.
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